Abstract-Nonlinear model predictive control algorithm (NLMPC) is used for the on-line control of polymer molecular weight distribution. The control of chain-length distribution is achieved by selecting a collection of points in the distribution and using it as set points for the control algorithm. NLMLPC is implemented in online fashion to manipulate both the hydrogen and monomer feed rates. The simulation investigated the control algorithm performance for set point tracking conditions. The results demonstrate that the control algorithm can regulate the entire molecular weight distribution with high computational efficiency and minimum steady state error even in the presence of modeling errors.
I. INTRODUCTION
Today, polymers are widely used for various products. Each usage requires different specifications for the polymers. In order to satisfy these demands, companies produce many different grades of polymer. These grades have a different Molecular weight distribution (MWD), average molecular weight, or (and) a different polydispersity index. MWD is considered as one of the fundamental properties that determines polymer properties and thus its applications. Therefore, it is important to monitor and control MWD during the industrial production of polymers. A significant amount of research has been done in the area of control, monitoring and modelling of polymerization reactors; excellent reviews have been given by several researchers [1] [2] [3] [4] . A careful study of previous works, with focus on the description of polymer MWD, results in the following conclusions:
Theoretically, any desired form of the MWD can be produced by appropriate fractionation of very broad molecular weight polymer or blending narrowly distributed polymers. Fractionation is not employed because of different reasons; the main reason is the extremely high cost of this operation [5] . Blending is not widely used, because most of the catalysts produce widely-distributed polymers. Moreover, producing polymers, which are mixed on a microscale level, requires a melting process. This is not economical.
All the alternative techniques rely on mixing of different polymer materials at the molecular level. Different methods were examined for this purpose. For example, a mixture of different metallocenes is used [6] [7] [8] [9] [10] [11] or a hybrid catalyst of Al-haj Ali M., and Ali Emad + Chemical Engineering Department, King Saud University P.O.Box: 800, 11421 Riyadh, Saudi Arabia + corresponding author, email: amkamal@ksu.edu.sa
Ziegler-Natta and metallocene catalysts in a one stage process [12] [13] [14] . Another approach is use a cascade of reactors, where each reactor is operated at different polymerization conditions (usually hydrogen concentration). This technology is already commonly used with ZieglerNatta catalysts. It has the advantage that only one optimized catalyst is required for the production of various grades. The desired molecular weight distribution and co-monomer distribution are designed by the process. This method is subject to high operational costs [15] . Moreover, it is pointed out that the overall process has a low throughput since two serial processes are employed [16] . The third approach is to vary the polymerization conditions, specially the concentration of chain transfer agents, in a single reactor. This approach has the advantage of requiring a single reactor that simplifies process design and reduces the operational costs. Furthermore, the periodic operation of continuous chemical reactors can improve the performance of the reacting system and allow better design and control of the molecular weight distribution in a single reactor [5, 17] . An example of a process with variation of process conditions is the multizone reactor developed by Basell [18, 19] . The implementation of a single reactor, compared to implementing two reactors, improves polymer homogeneity and assures that the ratio of both polymer products in each particle is equal to the overall ratio of these products. However, the dynamic operation of the polymerization reactor is difficult and it is subject to appreciable production of off-specification products and/or other operational problems.
In this paper the issue of broadening the MWD via the third approach will be further investigated. The idea to assess the effect of using both the monomer and hydrogen feed rates to alter the molar ratio (X). The scope of this work is to investigate the production of polyethylene, in a fluidized bed reactor, with a well-defined molecular weight distribution using nonlinear model predictive controller (NLMPC).
II. PROCESS MODEL
In fluidized-bed polyethylene reactors, the copolymerization of ethylene and -olefin monomers is carried out using a multi-site Ziegler-Natta catalyst, which consists of three different types of active sites. Each active site produces polymer with molecular weight distribution that can be described by Schulz-Flory distribution. The polyethylene reactor process is depicted in Fig 1. The process model was developed in [20] ; modifications made in this model were described in [21] . The detailed description of the model and its parameters are not repeated here.
Molecular Weight Distribution Model
The instantaneous molecular weight distribution for each type of active sites can be described by Flory-Schulz exponential function [22] ) exp( 
where y j,ins is the overall instantaneous molecular weight distribution, and w i is the mass fraction of each site. The molecular weight distribution of the polymer accumulated in the reactor after a certain polymerization time can be calculated using the following equation:
here y j is the cumulative molecular weight distribution, O p is polymer production rate and B w is mass of polymer in the reactor bed. Finally the GPC reading of the MWD is calculated by the following equation:
III. ON-LINE NLMPC ALGORITHM
In this work, the structure of the MPC version developed by [23] that utilizes directly the nonlinear model for output prediction is used. A usual MPC formulation solves the following on-line optimization:
For nonlinear MPC, the predicted output, y over the prediction horizon P is obtained by the numerical integration of:
from t k up to t k+P where x and y represent the states and the output of the model, respectively. The symbols || . || denotes the Euclidean norm, k is the sampling instant, Γ and Λ are diagonal weight matrices and R = [r(k+1) … r(k+P)] T is a vector of the desired output trajectory.
T is a vector of M future changes of the manipulated variable vector u that are to be determined by the on-line optimization. The control horizon (M) and the prediction horizon (P) are used to adjust the speed of the response and hence to stabilize the feedback behavior. Γ is usually used for trade-off between different controlled outputs. The input move suppression, Λ, on the other hand, is used to penalize different inputs and thus to stabilize the feedback response. The objective function (Eq. 5) is solved on-line to determine the optimum value of ΔU(t k ). Only the current value of Δu, which is the first element of ΔU(t k ), is implemented on the plant. At the next sampling instant, the whole procedure is repeated.
To compensate for modeling error and eliminate steady state offset, a regular feedback is incorporated on the output predictions, y(t k+1 ) through an additive disturbance term. Therefore, the output prediction is corrected by adding to it the disturbance estimates. The latter is set equal to the difference between plant and model outputs at present time k as follows:
The disturbance estimate, d, is assumed constant over the prediction horizon due to the lack of an explicit means of predicting the disturbance. However, for severe modeling errors, or open-loop unstable processes the regular feedback is not enough to improve the NLMCP response. Hence, state or parameter estimation is necessary to enhance the NLMPC performance in the face of model-plant mismatch. In this work, Kalman filtering (KF) will be incorporated to correct the model state and thus, to address the robustness issue. Utilization of the NLMPC with KF requires adjusting an additional parameter, σ. More details on the integration of KF with the NLMCP algorithm are given elsewhere [23] . In addition to state estimation by KF, the predicted output will be also corrected by the additive disturbance estimates of Eqn. 9.
The main objective of the NLMPC is to control the entire MWD. It is also necessary to maintain acceptable polymer production rate. Process stability is another important issue which is handled through regulating the total gas pressure and the bed temperature. These two controlled variables are adapted via separate PI control loops. The design and tuning parameters of these loops are given elsewhere [21] .
IV. RESULTS AND DISCUSSION
It is worth mentioning that determining input trajectories that provide the desired distribution is difficult as the final polymer quality is sensitive to hydrogen concentration (X) value and the mass of the produced polymer. In this sense, maintaining the desired MWD during process operation is even more challenging. In the presence of model-plant mismatch and/or when unmeasured disturbances enter the plant, the situation becomes more complex. The control objective here is to produce broad polyethylene with welldefined MWD starting from narrow distribution and maintain it there The weighting factor for all outputs is given the same value of Γ=[1 1 1 1]×100. The lower limit for the manipulated variables is set to zero and the upper limit is set to twice their nominal values. The MWD target function contains 103 points, however only four points were selected as controlled outputs to reduce the computation effort consumed by the NLMPC calculations. The input horizon (M) and output horizon (P) are taken equal to 1 and 4, respectively. A sampling time of 1 hr is used. Usually the GPC measurements are available at low frequency. Advanced measurement sensors that can provide measurements in the order of minutes are available but at high cost. Fig. 3 demonstrates the ability of NLMPC to maintain the new set point for the polymer distribution with minor distortion in the distribution function. More interesting is the response of the manipulated variables as shown in Fig. 2 . The resulted response of the manipulated variables is in the form of periodic functions. Long prediction and moving horizon capability of NLMPC helped the controller to understand the dynamic nature of the process to an extent that it produced cyclic input sequences. Moreover, Fig. 2 shows how the bleed flow rate (B T ) and the cooling water inlet temperature (T w ) varies by separate PI controllers to maintain the total pressure at 20 atm and the reactor temperature at 82 o C. Note that the manipulated variables used by NLMPC are plotted in discrete form because the NLMPC works in discrete time fashion. It is obvious from Fig. 2 that the production rate, Op, reduces to an average value of 2.65 kg/s. In fact NLMPC reduces the monomer feed rate which in turn affects the reaction rate adversely. Moreover, the purge stream grows whenever the controller steer the monomer feed to high values. The growth in purge flow is enforced by the PI controller to regulate the reactor pressure back to normal condition. Therefore, the large variation in the monomer feed rate has a negative impact on both the production rate and the bleed flow. Next the control algorithm was tested for targeting another MWD which has a smaller average molecular weight. In this case, seven points on the GPC curve is taken as the controlled variables with their weights are fixed at Γ=[ 1 100 100 200 100 50] ×10 Evidently, NLMPC generated suitable periodic input sequences that produce MWD close to the desired one as shown in Fig. 5 . The MWD suffered from minor distortion; however exact match of the target function is not necessary especially when we know that the relative error in GPC measurements is around 10%. This outcome can be obtained at shorter simulation time. The small production rate is obvious from Fig. 4 ; in fact, the average production rate is found to be 2.42 kg/s. To improve the production rate, the latter is incorporated as a controlled variable in the NLMPC algorithm. Using γ=0.1 for the production rate, NLMPC managed to increase the polymer production to 2.86 kg/s but with notable loss of the MWD. Results are not shown here for simplicity. Increasing the weight of the designated controlled output further will of course propagates the production rate but the MWD will depart away from the desired set point. Our investigation revealed the existence of trade-off between the production rate and broadening the MWD. Widening the distribution requires pronounced changes in hydrogen concentration inside the reactor. Increasing hydrogen concentration is achieved by feeding more hydrogen to the reactor this reduces ethylene polymerization rate and as a consequence reduces the overall production rate. Whereas, reducing hydrogen concentration is achieved by opening the vent [24] that allows hydrogen concentration in the reactor to escape, causing hydrogen concentration to fall quickly. Such reduction in the concentration affects positively on the production rate. The system is further tested for another target MWD that is much broader than the earlier two cases. Once again four representative points of the profile were chosen as set points. The results of the simulation are shown in Figure 6 -7. The same simulation and NLMPC parameter values used previously is also employed in this case. Similar successful result in the sense of achieving the desired broad MWD is observed. However, the polymer production capacity is still influenced. Figure 6 illustrates how the production rate remains below the target value for long period of time reducing its average value to 2.55 kg/s.
The previous simulations are carried out assuming perfect model. However, this is not always true in real practice. To test the robustness of NLMPC in rejecting the effect of modeling errors, the simulation of targeting a MWD with higher average molecular weight is repeated with −20% error in the reaction rate constant and −20% error in the catalyst activity. It is expected that the parametric error will degrade the model predictions and consequently deteriorate the controller performance. The results are shown in Figs. 8 -9. It is evident that NLMPC is able to keep good control performance despite minor loss of controller performance. The feedback characteristics of NLMPC and Kalman filter are the sources for the enhanced NLMPC performance in the last case where model-plant mismatch prevails. Similar robustness tests were carried out for the other MWD targets. Acceptable outcomes were observed in these cases. The simulation results were omitted here because no significant findings are reported. The above three tests indicate that tracking a new polymer grade in terms of wide MWD is possible with the help of NLMPC. However allowing large variations in the monomer feed rate creates undesirable process operation. For example, the solid production is compromised when the monomer feed goes to minimum values. Furthermore, excessive lose of the gases can be generated when the monomer feed propagates considerably.
It is worth mentioning that controller performance could be improved more if the dynamics of hydrogen is faster. Since, hydrogen is not consumed in the reactor and large fluctuations in hydrogen concentration are required to broaden polymer distribution, improving controller performance would not be an easy task. This challenge can be solved using either a catalyst that is highly-sensitive to hydrogen as metallocenes or hydrogen consuming agent. The first approach depends on implementing a relatively new catalyst that is not widely used industrially [25] . The second approach still needs more investigation to prove its applicability for the studied process. Finally, note that venting is usually used to reduce hydrogen concentration, as described above, however; venting reactor contents is not an economical choice because monomer also escapes from the reactor. Nonetheless, no other choices are available.
V. CONCLUSIONS
In industrial applications, the molecular weight distribution of the produced polymer is usually measured using molecular weight averages and polydispersity index. In this article, we have presented an on-line MWD control technique to produce polymers with a target distribution in a fluidized-bed polymerization process. This strategy uses detailed polymerization process model, and Kalman filter to correct model states. A NLMPC controller is designed to control polymer MWD and polymerization process productivity. For the calculation of the MWD, selected points in polymer distribution curve are used as set-points for the controller that manipulates monomer, hydrogen, nitrogen and catalyst feed rates. To test the feasibility of the proposed MWD control technique, simulations have been carried out for ethylene gas-phase polymerization using conventional Zielger-Natta catalyst. The simulations suggest that the proposed control strategy can be useful new technique to control the MWD of polymer in continuous polymerization processes. 
